Introduction
Understanding the effect of land use on water quality is an important question in environmental policy. Agriculture is consistently identified by the EPA as a cause of water quality degradation due to fertilizer runoff entering nearby waterways (EPA, 2002) . These effects have important economic and ecological consequences, such as adverse effects on recreation and drinking water quality. As has been known since the time of Pigou, these effects are a classic case of a market failure (Pigou, 1920) . Since water quality is not a market good, the free market will not result in an optimal level of lake water quality. Efficient government intervention requires understanding the benefits and costs of land use on water quality, however measuring these effects has been difficult, primarily due to a lack of suitable data.
The primary research objective of this paper is to estimate the elasticity of lake water quality to land use change. These estimates can be used by future researchers and policymakers as part of cost benefit analyses, where policies affect land use change near lakes. My approach combines high quality water measurements across 100 Iowa Lakes over 15 years, along with satellite data on cropland use and PRISM data on weather. As an extension, I estimated a secondary model of the elasticity of land use change to crop prices. I use the estimates from these two models to estimate the effect of the Renewable Fuel Standard (RFS) on lake water quality. Due to the inelastic estimates from both models, I find a negligibly positive impact of the RFS on lake water quality.
This paper contributes to the literature in several ways. First, it exploits 15 years of water quality measurements across Iowa to perform a statistical analysis of the effect of land use on water quality. Second, it provides strong statistical evidence of a persistent effect of water quality across time. Third, it adds to the literature on the response of cropland expansion to crop prices. Finally, it adds to the literature on the environmental effects of biofuel related policies.
The paper is organized as follows. The next section provides some background on the typical techniques used to assess the relationship between land use and water quality. This is followed by a description of the econometric model used in both the water quality and cropland response models. I then give a detailed description of the data set, followed by the results for both models. These results are then used in an application to estimate the effect of the RFS on lake water quality, followed by a summary.
Background
There is a long history of studies that attempt to identify the relationship between land use and the water quality of lakes, rivers, and streams. Most of these studies can be divided into two types-simulation models such as SWAT and BASINS 2 , and econometric models. The former are able to model complex relationships between the climate, land use, and water quality to examine issues that might otherwise be intractable. For example, simulations from these types of programs have been used to examine the hypoxia "dead zone" in the Gulf of Mexico (Rabotyagov, 2014) , the effect of corn-based ethanol on environmental quality (Secchi, 2009) , and the potential for cropland to reduce flood risk (Schilling, 2014) . Simulation models are invaluable for gaining insight into issues that may otherwise be too complicated for any one statistical model to capture, but they have drawbacks. On a practical level, the complexity of the simulated relationships requires many parameters, and choosing these parameters requires a significant amount of expertise. This can make it difficult for other researchers to truly understand what is generating the results. Statistical models, on the other hand, are helpful in their ability to model relationships between variables in a relatively straightforward and transparent way.
Many statistical analyses in the literature rely on simple correlation coefficients between different land uses and a 2 SWAT stand for Soil and Water Assessment Tool; BASINS stands for Better Assessment Science Integrating point & Non-point Sources.
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The environmental impacts of agricultural policies must be quantified to perform full cost-benefit analyses and make informed policy decisions. In this paper I use a unique panel data set to estimate the effect of changes in cropland on lake water quality. Fifteen years of water quality measurements across over 100 lakes are combined with satellite imagery and weather data. Using a dynamic panel data model, I find that the elasticity of water quality to cropland is 0.0535. To understand the policy implications, I estimate a second model to find the elasticity of cropland to crop prices. I combine these estimates to analyze the effect of the Renewable Fuel Standard (RFS). I find that the RFS decreased lake water quality; however, the magnitude of this effect is negligible.
measure of water quality. For example, Tong (2002) found a statistically significant positive correlation of 0.1913 and 0.1563 between agriculture and total nitrogen and phosphorous in surface water, respectively, in 11-digit HUCS in Ohio. In fact, most studies find a positive correlation between the two variables (Meador, 2003; Dauer, 2000) . While correlations are informative, they do not help isolate causal effects. In other words, the question arises: does an increase in cropland cause the water quality to drop, or could it represent something else, such as the quality of the land? Answering this requires a model that controls for the quality of land, as well as other possible omitted variables.
Many studies have used regression techniques to try to estimate the relationship. Tu (2011) uses geographically weighted regressions to estimate local effects in an area surrounding Boston. He estimates a separate univariate regression for 6 different water quality variables and 14 land uses, for a total of 84 regressions. The results showed little influence of agricultural land on water quality. A drawback of this study is that water quality measurements are averaged over time and estimated using only one year of observed land uses. In fact, cross-sectional regressions are common in water quality studies -possibly due to a lack of quality, publicly available time series data. Another technique used in the literature is to use simple univariate regressions of land use on water quality (see, e.g. Lougheed, 2001 ). Limiting the model to one period, or not controlling for other factors that can affect water quality can potentially bias the coefficients of interest.
This omitted variable bias problem can potentially create misleading results. For example, Sprague (2012) studies the effect of the Conservation Reserve Program (CRP) on total nitrogen and phosphorus loadings in rivers using a cross-sectional regression and found a marginally positive effect, indicating that CRP land increases nutrient levels; this is the opposite effect intended by the program and lacks a credible explanation. The key problem in this study is that, for the results to hold, the model must assume that CRP land is randomly distributed across space and uncorrelated with omitted factors that affect water quality. This is unlikely to be the case since profit maximizing landowners will choose to retire the least profitable farmland into the CRP first. In Iowa, for example, CRP land is concentrated in the south, where the soil quality is relatively low. Therefore, it would not be surprising to find a negative correlation between CRP land and water quality, since lower quality soil typically means increased runoff.
The geographic characteristics of water bodies has led to some studies that use more complicated regression models. Atasoy (2006) employs spatial econometric techniques to study the effect of urban land use on water quality. Their analysis uses monthly nutrient measurements over a fouryear period combined with monthly measures of urban development, weather variables, and a single year of satellite imagery to control for agricultural land. Their emphasis on rivers and streams is an example of how geography plays an important role in the specification of an appropriate econometric model when studying environmental issues. In their study, upstream river quality clearly affects downstream river quality as it is carried through a stream network, thus it makes sense to explicitly include a spatially-lagged dependent variable while allowing for temporal correlations in the error term. In this study, where the observed unit is lakes, it does not make sense conceptually to include a spatial lag, since lakes do not flow into each other. Instead, it is appropriate to include a temporal lag of the dependent variable, since lake water remains relatively stationary over time. This implies that nutrient levels may persist; this effect is known as the "hydraulic retention time". As an example, Jeppesen (2005) reduced the nutrient levels in multiple lakes and observed that the lakes did not reach a new, lower steady state for 15 years.
Existing lake water quality studies that attempt to include dynamics have typically been confined to one lake and its watershed. For example, Balkcom (2003) use multiple samples from a lake over time to calibrate an integrated assessment model, which was then used to analyse different land use scenarios. By contrast, this study uses data on over 120 lakes over 15 years, creating a rich variation in lake quality, geographical characteristics, and the characteristics of surrounding land use.
As one of the most productive farming states in the country, Iowa land use can be particularly sensitive to changes in farming policies. Therefore, given the evidence of the link between cropland and water quality degradation, government policies can directly and indirectly affect water quality. Two primary examples are the Conservation Reserve Program (CRP), and the Renewable Fuel Standard (RFS). The CRP has evolved from its initial goals of removing cropland from production to focus more on maximizing the environmental impact of the program. Only land currently in production or expiring CRP land are eligible to be retired and receive CRP subsidies, and retired land must be planted with species that will improve environmental health and quality. Thus, the possible water quality benefits of an acre of CRP land are 1) removing a hectare of cropland, and therefore all related nutrient use, and 2) replacing it with a hectare plants that can help improve soil quality and reduce runoff of nutrients from the surrounding area. CRP land in Iowa began a major decline around 2007. It is likely that multiple factors contributed to this decline, especially rising crop prices (and thus profitability of land) and a decline in funding for the program.
The RFS, first established under the Energy Policy Act of 2005, mandated 28 billion liters of ethanol be used by 2012. The scope of the biofuel mandate expanded significantly in 2007 by mandating 136 billion liters of ethanol in the U.S. by 2022. Most of the current biofuel supply comes from corn ethanol. Therefore, the biofuel mandate has and will continue to have significant economic and environmental impacts on Iowa, the nation's leading corn producer. Researchers have identified water quality degradation as an important consequence of biofuel production (Simpson, 2008) . Although corn cultivation requires a significant amount of water, water shortages are typically not a concern in Iowa. Rather, the increased use of nutrients from expanding corn production along both the intensive and extensive margin are of concern. In addition, an increase in the demand for corn can affect the price of other crops, such as soybeans, which can cause cropland expansion for those crops as well. As corn uses nitrogen relatively inefficiently (Balkcom, 2003) , switching over to corn from other crops can potentially increase the amount of nitrogen in the soil. Finally, if we assume that farmers grow crops on the best farmland available, cropland expansion will likely occur in marginal, more environmentally sensitive areas, including CRP land (Secchi, 2009 ). Thus, the two policies mentioned here are to some degree interdependent, as farmer's will look to maximize their profit by either accepting subsidies to retire the land into the CRP, or to farm the land and sell their crops.
Data
Water quality data were downloaded from Iowa State's Limnology Laboratory website 3 . The Iowa Lakes data uses consistent, scientifically based, and well documented hydrological sampling methods. In this paper I use the average of three annual measurements. Averaging three lake water samples over a year offers adequate precision for water quality indicators (Downing, 2006) . CTSI, a measure of lake water clarity, is used as the main water quality indicator because it summarizes the outcome of increased sediment or nutrient loadings, as opposed to a measurement of the inputs of sediments or nutrients into a lake. Most lakes have a CTSI between 0-100, with each increase of 10 units representing an approximate doubling in algal biomass. An intuitive way to think about the index is that a CTSI of 0 represents a visible depth of 64 meters, while a CTSI of 100 represents a visible depth of only 6.4 centimeters. The CTSI can be approximately divided into four trophic classes: oligotrophic (less than 30-40), mesotrophic (40-50), eutrophic (50-70), and hypereutrophic (70-100+). The left panel of Figure 1 shows the locations of the 123 lakes used in this study.
Annual land use data comes from USDA NASS cropland data layers (CDL's), which are satellite images. Each pixel of a satellite image is assigned a land use based on color analysis. I find the total land use for a geographic region by summing the pixels assigned to each land use. Since the focus of the paper is water quality, land use was aggregated to the local watershed level, known as a HUC (hydrologic unit code). Aggregating to a watershed captures drainage characteristics more accurately than aggregating to an arbitrary governmental boundary. HUC's differ in size and are nested 3 http://limnology.eeob.iastate.edu/lakereport/default.aspx within each other-a HUC12 is located within a HUC10, which itself is within a HUC8, and so on. The right panel of Figure 1 shows the size of typical HUC12 watersheds, as well as the larger HUC8 which contains them.
For this paper I focus on land devoted to corn, soybeans, and grassland
4 . An issue with using cropland devoted to corn and soybean use is they are strongly positively correlated, with a correlation coefficient of .80. To avoid multicollinearity, I sum these two land uses into a single variable labeled crops. Since official CRP enrollment numbers are only available at the county level, I include grassland as a proxy for the effect of CRP land on water quality.
Data for precipitation and temperature were calculated from Oregon State's PRISM dataset
5
. PRISM provides the daily precipitation and temperature for 30km by 30km grid cells that cover the continental U.S. To find the annual precipitation for an individual HUC12 I sum the daily data for each PRISM grid cell across the watershed, and then sum the daily values over the year. To find the average annual temperature for each HUC12 I average daily temperatures across PRISM grid cells, and then average the daily values over the year. Table 1 provides a description and summary statistics for the variables included in the analysis.
Empirical Models
Water Quality Model I use the following dynamic panel data model to estimate the effects of land use on water quality: 
The dependent variable, an index of water quality from 0 to 100, where an increase indicates a degradation in water quality (Table 1) . The sources for "Crops", "Precipitation", and "Temperature" are the same for both the water quality model and the cropland model. Source: own estimations based on USDA and PRISM data I include the lag in Q to account for the stock effects of lake water; the coefficient is expected to be positive as a certain amount of nutrients in a lake carry over across years. Including a lag of Q implies both short and long-term impacts from the other right-hand side variables on water quality. The short term, i.e. contemporaneous impacts are the estimated coefficients on the variables, while the long-term impacts are these coefficients multiplied by the dynamic multiplier (Greene, 2000) :
The variables C and G represent year t, HUC12 j's hectares of cropland and grassland, respectively. The main coefficient of interest is , which measures the short-term marginal change in water quality due to an increase in cropland. Since an increase in CTSI represents lower water quality, is expected to be positive due to nutrient runoff. Of secondary interest is the marginal increase in water quality due to an increase in grassland, , which could be considered a proxy to the effect of CRP on water quality. A negative sign on would indicate beneficial qualities of increased grassland near lake water. Since the CRP program requires active cropland to be retired, the total short-term effect of CRP on lake water quality is (-Β 2 + Β 3 ).
I control for the effect of weather on water quality by including annual measures of precipitation, W, and temperature T. Although the focus of the paper is on the effect of crops on water quality, the effect of weather on water quality is an important and complicated topic. For example, it is not clear a priori what the sign of these weather effects will be; increased rainfall, for example, can dilute existing nutrient levels, but can also increase nutrient runoff from nearby farms. Several papers have also highlighted the importance of studying the effects of weather on water quality, given the predicted increased variation in weather due to climate change (Delpla, 2009 ). The coefficient estimates on precipitation and temperature help shed light on these issues.
I control for time invariant, unobservable variables through lake level fixed effects, thus the coefficients are identified by the variation of the data within a lake. The unobservable variables could be, for example, geographic features that are fixed over time, such as soil quality, slope, or surface area, and it can also include permanent man-made structures that can alter the flow of water to lakes, such as tile drains. Year dummy variables control for unobserved trends over time.
Each HUC12 watershed is contained within larger watersheds which share drainage properties. To control for correlation between HUC12's within the same drainage area, I cluster standard errors at the HUC8 level.
Cropland Response Model
To estimate the response of cropland to crop prices I estimate the following Nerlovian partial adjustment model (Nerlove, 1956) : 
This model assumes that a representative farmer in watershed j make spring acreage decisions based on last year's acreage, climate and operating costs, as well as the expected crop prices during fall harvest. Operating costs consist of fertilizer, F, and fuel, G.
The variable of interest is which represents the marginal change in cropland due to an increase in expected prices. For the expected price I construct a Laspeyres price index using futures prices on corn and soybeans, along with observed soybean and corn acreages (Huang, 2010; Evans, 2015) : (4) where c is either corn or soybeans. Figure 2 shows the crop price index in Iowa from 2001-2016, averaged over HUC12 watersheds.
Estimation
Dynamic panel data models with fixed effects suffer from the well-known "Nickell bias", which results from the within transformation that subtracts the time mean from each group in order to remove the fixed-effects (Nickell, 1981) . In a dynamic model, this will cause the lagged, transformed dependent variable to be correlated with the error term, violating the assumed orthogonality condition. One solution is to use the Arellano-Bond model (henceforth abbreviated as AB), also known as the "difference GMM" (Arellano, 1991) , which constructs instruments for the lagged dependent variable using transformations of the data.
The model's nickname comes from using first differences of the data to remove fixed effects. However, when there are gaps in the data, as is the case with the CTSI measurements, they can result in a significant loss of observations. For example, all lakes in the data set are missing the year 2008, so neither ΔQ {i,2008} , or ΔQ {i,2009} can be included in the estimation. Instead of the first difference transformation, I employ the forward orthogonal deviations (FOD) transformation, where the mean of all future observations of a variable is subtracted from the current observation for each year. This purges the fixed effects and allows for more observations than the first differences in an unbalanced panel.
AB estimates are typically estimated in both one and twostep variants. The two-step model uses a weighting matrix that is the inverse of an estimate of Var(z'e), where z is the vector of instruments. This is the optimal weighting matrix in the sense that it is asymptotically efficient. However, in finite samples the two-step estimates have been shown to be biased downward. To fix this, I employ the finite sample bias correction described in (Windmeijer, 2005) . Table 2 displays the results for the water quality model. All variables are estimated in log form, so the coefficients are interpreted as the elasticity of water quality with respect to each variable. Column (1) shows the estimated coefficients using the Arellano-Bond model, which instruments for the endogenous lagged dependent variable.
Results
The coefficient on the lag of CTSI is statistically significant and positive, which provides evidence that water quality conditions persist over time. The coefficient on Crops is positive and statistically significant, indicating that an increase in cropland increases CTSI and therefore lowers water quality. This result is intuitive since an increase in cropland implies increased nutrients on the land, which can drain into neighboring water bodies. The elasticity for the Crops coefficient is 0.0538 in the short run and, using equation (1), 0.0727 in the long run. I do not find a statistically significant effect of grassland on lake water quality.
The coefficient on precipitation is positive and statistically significant. This indicates that the overall effect of precipitation on water quality is detrimental. In other words, the effect of runoff due to precipitation dominates the dilution effect of increased precipitation in lakes. I do not find evidence of an effect of temperature on lake water quality.
Columns (2) and (3) of table 2 display the results of OLS and fixed effects (FE) estimation for comparison. The OLS estimates may suffer from omitted variable bias since it does not control for time invariant fixed effects. The coefficient on the lag of CTSI is positive and statistically significant, and over twice as large in magnitude as the Arellano-Bond estimate. This positive bias is a direct result of the omitted variable bias, as shown in (Roodman, 2009 ). The coefficient on Crops is positive and statistically significant. The magnitude of the coefficient indicates that a 1% increase in cropland is associated with a 0.08% increase in CTSI (and therefore water quality is worse). This estimate is slightly higher than the Arellano-Bond model. As with the Arellano-Bond model, the effect of precipitation is positive and significant, indicating that an increase in precipitation increases CTSI. The fixed effects model, which does not instrument for the endogenous lagged variable, finds a positive and statistically significant coefficient on the lag of water quality. The magnitude of the coefficient, at 0.300, is like the ArellanoBond model. The coefficients on Crops and Grass are not statistically significant. The coefficient on precipitation is positive and marginally significant, although the magnitude is like the other two models. Table 3 displays the results for the cropland response model. Again, the variables are logged so that the estimates can be interpreted as the elasticity of cropland to a specific variable. All variables show a statistically significant effect on cropland. The variable of interest, price, shows the expected positive relationship with cropland. The magnitude of the elasticity of cropland to prices, 0.066, is small but comparable to other estimates from the literature (Barr, 2011; Evans, 2015) . Using the dynamic multiplier, the long run elasticity is 0.104. The results for the control variables are mostly intuitive. The weather variable coefficients indicate that cropland decreases in response to increases in the previous year's temperature, while it increases in response to the previous year's precipitation. The magnitude of these responses is small and roughly equal. Increases in last year's fuel costs have a negative effect on this year's cropland. On the other hand, increases in the cost of last year's fertilizer have a positive effect on this year's cropland. Although this result is not intuitive, it has been found in other research (Evans, 2015; Huang, 2010) .
Columns (2) and (3) show the OLS and fixed effects results of the cropland response model. The signs and magnitudes of the coefficients are similar across all three models, except for the coefficient on the lag of crops, where the FE and OLS estimates are larger than the Arellano-Bond estimate.
Application to the Renewable Fuel Standard
This section uses the previous elasticity estimates to measure the impact of the Renewable Fuel Standard (RFS) on lake water quality in Iowa. Since the RFS was enacted in 2005, I focus on the effects over 2006 to 2016, which is the most recent year with available data. The RFS mandated a large increase in ethanol, which is equivalent to a large increase in demand for corn since it is the primary feedstock. I follow the approach of Evans (2015) and use the price effects of this shock in demand to corn to connect the RFS to lake water quality. Specifically, I calculate the percent change in water quality using the following formula:
where represents the elasticity of water quality with respect to cropland, and represents the elasticity of cropland to prices. I calculate (2) using both the short and long run elasticities, which can be considered lower and upper bounds.
For the change in price, I use estimates from (Hausman, 2012) . Using a structural vector auto-regression (SVAR) model, the authors estimate that an increase in the demand of corn acreage for ethanol of .40 million hectares increases the price of corn and soybeans by 0.06 and 0.03 cents per cubic meter, respectively. According to data from USDA ERS, 1.29 billion cubic meters of corn were used to produce ethanol in 2005/2006, compared to 4.18 billion in 2015/2016, an increase of 2.89 billion cubic meters. Over the same period, the national average corn yield was 79 cubic meters of corn per hectare. Thus, the shock in demand is equivalent to an approximate 9.31 million hectare increase in demand for corn acreage. The above estimates from (Hausman, 2012) imply this increase in demand would increase the price of corn by $1.84 per bushel and the price of soybeans by $0.92 per bushel. I use these changes to calculate the counterfactual price index for each HUC12 in 2016. The average HUC12 experienced an approximate 58% increase in the price index because of the RFS.
Finally, I calculate the percentage change in lake water quality using both the short and long-term elasticities estimated from the previous analysis. The average lake experienced a 0.13% increase in CTSI in the short run, and a 0.27% increase in the long run. Figure 3 shows the distribution of these increases across the 123 lakes in the analysis. Thus, due to the very inelastic responses of lake water quality to cropland, and from cropland to crop prices, I find a negligible effect of the RFS on lake water quality. 
Summary and Conclusions
U.S. agricultural and energy policies often have direct and indirect effects on the environment. Policies which affect agricultural land use can alter lake water quality through increased nutrient runoff. It is important to estimate these impacts to undertake thorough cost-benefit analyses of these policies.
This study focuses on estimating the effect of land use change on lake water quality in Iowa. High quality lake water measurements over 15 years are combined with satellite imagery and PRISM weather data to create a unique panel data set. Using a dynamic panel data model, I estimate the elasticity of CTSI to cropland to be 0.05% in the short run, and 0.07% in the long run, indicating that increases in cropland decrease lake water quality by a small amount. I also find a positive and significant coefficient on the lag of the dependent variable, which is evidence of a stock effect of lake water quality over time.
A second model estimated the elasticity of cropland to crop prices to be 0.066. Using these two elasticities, I estimate that the Renewable Fuel Standard decreased water quality by between 0.13 and 0.27%. The estimates may represent a lower bound since the paper only studies land use change along the extensive margin. Rather than expand cropland, farmers may alter crop rotations in favor of corn because of the RFS. Since corn requires a relatively high amount of fertilizer, the actual impact on water quality may be higher.
